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Abstract: This study has developed a technique for identifying the presence of muscle fatigue based
on the spatial changes of the normalised mutual information (NMI) between multiple high density
surface electromyography (HD-sEMG) channels. Muscle fatigue in the tibialis anterior (TA) during
isometric contractions at 40% and 80% maximum voluntary contraction levels was investigated in
ten healthy participants (Age range: 21 to 35 years; Mean age = 26 years; Male = 4, Female = 6).
HD-sEMG was used to record 64 channels of sEMG using a 16 by 4 electrode array placed over the TA.
The NMI of each electrode with every other electrode was calculated to form an NMI distribution for
each electrode. The total NMI for each electrode (the summation of the electrode’s NMI distribution)
highlighted regions of high dependence in the electrode array and was observed to increase as the
muscle fatigued. To summarise this increase, a function, M(k), was defined and was found to be
significantly affected by fatigue and not by contraction force. The technique discussed in this study
has overcome issues regarding electrode placement and was used to investigate how the dependences
between sEMG signals within the same muscle change spatially during fatigue.
Keywords: high density surface electromyography; mutual information; muscle fatigue
1. Introduction
Muscle fatigue is caused by multiple factors, and while there is no precise definition [1], it is
commonly defined symptomatically as the progressive decline in force during sustained activity [2].
There are a number of neuromuscular parameter changes associated with muscle fatigue, including
an increase in lactic acid [2], reduced muscle fibre conduction velocity (MFCV) [3], and an increase in
cell hyperpolarization period [4]. There are also changes in the behaviour of the motor units within
the fatiguing muscle such as the firing rate, recruitment, and synchronisation of motor units [1,4–7].
To accurately assess these changes typically requires invasive techniques involving intramuscular
electromyography (iEMG) [8,9]. More recently, developments in surface electromyography (sEMG)
techniques have led to alternative approaches based upon motor unit decomposition techniques being
proposed [10,11].
Using iEMG to investigate changes in motor unit behaviour has shortcomings as it can only record
electrical activity from muscle fibres that are in close proximity to the needle and ignores the fibres
that are distant. Recent developments in iEMG have led to techniques that could potentially address
this issue [12]. However, when investigating muscle fatigue it is more desirable to use sEMG due to its
non-invasive nature and its large recording area. There are many studies that have analysed changes
in the fundamental spectral and time domain features of the sEMG, such as the median frequency or
the root mean square [1,13]. However, these approaches have been found to be unreliable since many
other factors can have a significant effect on them [14].
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High density surface electromyography (HD-sEMG) is a recent development in the study of
neuromuscular activity. It records electrical activity using a dense array of electrodes that cover one or
more muscles, hence providing spatial dimensions to the sEMG recording. These recordings can be
used to spatially map muscle activity and observe the time-space propagation of motor unit action
potentials (MUAP). HD-sEMG has been used to estimate the locations of innervation zones (IZs),
muscle fibre length and orientation, MFCV, and motor unit locations [15–17] as well as decompose
sEMG signals into MUAPs [10,11].
Most studies that have investigated muscle fatigue using HD-sEMG have adopted techniques
previously developed with sEMG [18–21]. However, techniques that rely on measuring the changes
in sEMG amplitude or the frequency spectrum, which are aggregate measures, can potentially be
misleading [14]. Introducing higher resolution spatial information does not minimise the inherent
shortcomings of these techniques. There are some studies that have instead identified alternate features
that are more reliable for identifying and studying muscle fatigue. One such feature is the MFCV that
relies on HD-sEMG to measure the propagation velocity of action potentials non-invasively [21,22].
However, as discussed by Farina et al. [23], there are many issues surrounding the estimation of MFCV
that have not yet been addressed. Similarly, motor unit decomposition could potentially identify
changes in motor unit behaviour indicative of muscle fatigue, but there are concerns surrounding how
to validate these techniques [24–27].
One possible alternative is to consider the relationships between the data from an information
theoretic point of view and take advantage of the spatial information by studying the shared
information in between electrodes using mutual information (MI) [28]. Unlike correlation based
measures, MI can be used to measure both linear and nonlinear relationships [29]. MI has recently
been used to assess dependences between sEMG signals [30–34]. However, because MI quantifies
the amount of shared information between two variables, its value is relative to the total information
content of the variables and its maximum value is defined by the variable entropies. Consequently,
MI values are not comparable across datasets and therefore not ideally suited to sEMG recordings
where there may be considerable inter-experiment variability. An alternative is normalized MI (NMI),
which, unlike MI, is bounded and thus comparable across different datasets. NMI has been used in
various areas including feature selection [35] and clustering [36] with several different functions of
variable entropies proposed as methods for normalising the MI [29,37]. NMI applied to sEMG during
fatiguing tasks has been shown to increase with fatigue [30,31,38].
Previous work reported that the NMI between electrodes of a HD-sEMG array increases with
muscle fatigue [39]. This work described the NMI between rows of the electrode array running parallel
to the muscle fibre direction. Therefore, this work did not take account of the full spatial information
provided by the HD-sEMG. Calculating the NMI between all electrode combinations within the array
could give a more complete picture of how the dependences vary across the space of the electrode
array with the onset of muscle fatigue. Such an approach, unlike many existing approaches, would be
less reliant on the amplitude of the signal and would not require careful alignment of the electrodes to
the muscle. However, it would also generate a large number of different NMI values to be analysed.
In this paper, we have derived a new measure that incorporates the NMI between all electrode
combinations to describe the spatial changes in NMI across the HD-sEMG electrode array during
muscle fatigue. The tibialis anterior (TA) during isometric contractions at 40% and 80% maximum
voluntary contraction (MVC) levels was investigated to test the hypothesis that the new measure
will increase over time for the majority of the electrode array during fatigue. Statistical significance
analysis was performed to observe the effect of fatigue and %MVC on the initial and final values of the
new measure.
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2. Materials and Methods
2.1. Participants
Ten healthy participants (Age range: 21 to 35 years; Mean age = 26 years; Male = 4, Female = 6)
volunteered to participate in the experiment. Participants included in the experiment did not have any
current muscular injures and no prior muscular disorders. The experimental protocol was approved
by RMIT University Human Research Ethics Committee and in accordance with Helsinki Declaration
(revised 2004). The experimental protocol was described to the participants and they gave oral and
written consent for participation in the experiment.
2.2. Equipment
The HD-sEMG was recorded using a 64 channel monopolar recording system (W-EMG, Bitron,
Torino, Italy) configured to use two electrode arrays of 32 electrodes (a 4 by 8 grid of electrodes).
The electrodes in the array were exposed metal pads on a Kapton substrate with an inter electrode
distance of 5 mm. The arrays were arranged into a 4 by 16 grid (4 columns, 16 rows) of electrodes for
easy placement over the TA as shown in Figure 1. Double sided foam tape was used to secure the
arrays over the muscle. The tape has holes of 3 mm diameter that line up with the electrodes and were
filled with a conductive gel allowing the electrodes to contact the skin. The HD-sEMG device uses a
24 bit Analogue to Digital converter (ADC) to sample the sEMG at 2441 Hz, the signals are amplified
by 192.75 V/V and band pass filtered (10–500 Hz).
Figure 1. Electrode arrangement and position.
2.3. Electrode Placement
The electrode array was placed such that the columns of the array ran close to parallel with
the muscle fibres direction [40] and the centre of the array passed over the IZ of the TA as shown in
Figure 1. The likely location of the IZ for the TA was estimated to be 34% between the tibila tuberosity
and intermalleolar line from the tibila tuberosity [41]. The skin was cleaned and exfoliated before
placing the electrode array over the TA and the reference electrodes were placed on the ankle.
2.4. Experimental Procedure
The experimental protocol outlined in this section has been reported in our earlier publication [39].
During the experiment, participants were asked to sit in a sturdy chair with their leg extended along a
leg rest with their foot secured to a foot plate at the end. This set up was adjusted for each participant
so that their hip, knee, and ankle angles were at 90, 140, and 90 degrees (neutral position), respectively.
A force sensor was attached between the foot plate and the frame of the leg reset, and the sensor was
below the foot and perpendicular to the foot plate.
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The first step in the experiment was to determine the MVC of each participant while performing
dorsiflexion. In order to achieve this, the participants were asked to perform a dorsiflexion at their
maximum force capacity for 5 s. This was repeated three times with a 2 min rest between each
contraction. During these trials, the force of the contraction was recorded and the maximum force out
of the three trials was noted as the participant’s MVC.
The participants were then asked to perform an isometric dorsiflexion at 40% of their MVC.
The real-time output of the force sensor was displayed to the participant, and the display was marked
to show the corresponding force required for 40% MVC. The participants matched the mark with their
force and maintained the contraction until an endurance limit was met or until they felt pain.
The endurance limit was defined as the time when the measured force output of the participant
dropped 5% MVC below the mark and the participant was unable to recover and reach the mark.
Similar endurance limit protocols have been used in previous fatigue studies [7,42–44]. Having reached
their endurance limit, the participant was considered to be fatigued and then rested for a minimum of
30 min and until they reported that they had recovered and had no pain or felt no fatigue in the TA.
The experiment was repeated again but for 80% MVC. During these trials, the HD-sEMG output was
monitored and recorded.
2.5. Data Analysis
In order to identify the change in the state of the muscle, the NMI between the various physical
locations in the electrode array was computed. This section explains the calculation of the NMI and
the steps that were followed to analyse the NMI of the EMG.
2.5.1. Computation of NMI
MI can be defined as a function of Shannon entropies and conditional entropies such that
I(X;Y) = H(X)− H(X|Y) = H(Y)− H(Y|X). (1)
Hence, the mutual information is bounded by [28,45]:
0 ≤ I(X;Y) ≤ min(H(X), H(Y)). (2)
The lower bound of MI takes the value of 0 only when the variables are independent; however,
the upper bound is dependent on the information content of the individual variables, which can vary
greatly. Thus, it is preferable to normalise the MI to the range of 0 to 1 resulting in a NMI given by
NMI(X;Y) =
I(X;Y)
min(H(X), H(Y))
. (3)
For variables X and Y with measurements xi and yj, the entropies can be defined in terms of the
probability distributions as
H(X) = −∑
xi
PX(xi)logu(PX(xi)), (4)
H(Y) = −∑
yj
PY(yj)logu(PY(yj)), (5)
and the MI as
I(X;Y) = ∑
xi ,yj
PX,Y(xi, yj)logu
PX,Y(xi, yj)
PX(xi)PY(yj).
(6)
The base of the log, u, determines the units of the information measures. In this study, u was set
to 2 making the units bits.
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2.5.2. Approximating the Probability Distributions of the Data
Different approaches for estimating the probability distributions used for calculatating the entropy
or MI exist in an attempt to overcome problems with possible bias and variance in the estimation [46].
In the present study, we are interested in investigating the changes in NMI due to fatigue. Since we are
only considering the relative changes within a single dataset, we have opted to use a straightforward
histogram method with uniform partitioning.
For a time series X with N elements, histograms can be constructed using b bins uniformly
partitioned across the range of X, with the value of b determined by the rice rule [47] as
b = d2 3
√
Ne. (7)
The occupancy of the ith bin in the histogram of X is denoted by the function OX(i),
where i = 1, 2, ..., b. The probability distribution of X is then approximated by
PX(i) =
OX(i)
N
, (8)
where PX(i) is the approximated probability distribution of X and whose sum is equal to 1.
In order to calculate the mutual information between two time series X and Y, the joint probability
distribution of the variables needs to be approximated. In order to achieve this, a 2D plane was created,
with each axis assigned to a variable and representing the range of that variable. Both axes were then
partitioned into b bins creating b2 bins over the whole plane. The occupancy of each bin was denoted
by the function OX,Y(i, j), where i refers to the X-axis partitions and j refers to the Y-axis partitions.
To allocate data points to the appropriate bins, simultaneously sampled elements of the time series are
paired, such that, in total, there were N occupants on the 2D plane. The joint probability distribution
of X and Y was then approximated by
PX,Y(i, j) =
OX,Y(i, j)
N
, (9)
where PX,Y(i, j) is the approximated joint probability distribution of X and Y and whose sum is
equal to 1.
2.5.3. Analysis of NMI of the HD-sEMG
Step 1: Segmentation of the HD-sEMG Data
For each participant, the HD-sEMG data from the R × C electrode array was split into W
non-overlapping windows of N samples. Using a fixed value of N ensures that the NMI calculations
are performed over the same amount of data but results in the number of windows, W, varying
between subjects depending on their individual endurance limits.
A three dimensional matrix S of dimensions R× C×W was generated. Each element of S, Sr,c,w,
is populated with N HD-sEMG samples recorded during window w by the electrode located in row
r and column c, where r = 1, 2, ..., R, c = 1, 2, ...,C, and w = 1, 2, ...,W. In this study, C = 4, R = 16,
N = 500 and W varied between subjects.
Step 2: Computing Normalised Mutual Information
Using the approximated probability distribution outlined in Equation (8), the entropy of each Sr,c,w
was calculated using Equation (4). From the approximated probability distributions in Equations (8)
and (9), the mutual information between pairs of electrodes Sr1,c1,w and Sr2,c2,w were calculated using
Equation (6) and then normalised to the range 0 to 1 using Equation (3) to give NMI(Sr1,c1,w; Sr2,c2,w),
where NMI(Sr1,c1,w; Sr2,c2,w) is the normalised mutual information between the electrodes located at
positions r1, c1 and r2, c2 during window w. The NMI of Sr1,c1,w and Sr2,c2,w can be considered as a scale
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of dependence between the elements, where 0 indicates that Sr1,c1,w and Sr2,c2,w are independent and
1 indicates that they are completely dependent.
In all calculations of the entropy and MI, the conventions 0logu0 = 0, 0logu( 00 ) = 0,
and 0logu( 0PSr1,c1,w (i)PSr2,c2,w (j)
) = 0 were used.
Step 3: Measuring Spatial Changes in Normalised Mutual Information
To investigate the spatial changes in NMI across the electrode array, the NMI for every combination
of pairs of elements in the row and column dimensions of S was computed. This was then repeated for
each of the W time windows. This results in R× C×W NMI values for each electrode, hence making
it necessary to consider how best to represent this data to give an understanding of the spatial changes
in the NMI across the electrode array. In our previous publication [48], we considered a threshold
approach that gave a count of the number of electrodes each electrode could be considered similar to,
for any given time window. However, this approach relies on an appropriate selection of the threshold
value. As an alternative, to give a more complete overview of the total information across the array,
we propose a new approach based on integrating the NMI of each electrode with every other electrode.
A three-dimensional matrix D with dimensions R× C×W was created such that each element,
di,j,w, contains the double summation of the NMI values of the electrode at row i and column j with
every other electrode during time window w defined by:
di,j,w =
R
∑
m=1
C
∑
n=1
(NMI(Si,j,w; Sm,n,w)), (10)
where NMI(Si,j,w; Sm,n,w) is the NMI between the elements of S corresponding to the electrode at row
i column j and the one at row m and column n, for the wth window.
Step 4: Time Normalisation for Inter-Subject Comparison
The proposed matrix D provides a measure of the spatial changes in the NMI with time. However,
the data from each subject had a different number of windows, making it necessary to normalise the
data to a fixed number of segments for comparison between subjects. To achieve this, the number of
time windows, W, defined by each subject’s individual endurance limit, was divided into 10 equal
segments such that the number of windows in each segment is given by α = bW/10c. In the case
where W is not a multiple of 10, we define β = mod(W, 10) and exclude β time windows from the
analysis. Since the primary focus of this study is the analysis of muscle fatigue, the time windows
excluded were taken from the start of the recording where muscle fatigue is less likely to be present.
This resulted in 10 segments with window indices from ll(k) = β+ (k− 1)α+ 1 to lu(k) = β+ kα
where k = 1, 2, ..., 10.
Having allocated the windows to be included into each segment, a normalised matrix Dnorm with
dimensions R× C× 10 was defined by averaging the NMI from each of the time windows making up
the segment. The elements of Dnorm, di,j,k, were defined by:
di,j,k =
R
∑
m=1
C
∑
n=1
(
∑
lu(k)
w=ll(k)
(NMI(Si,j,w; Sm,n,w))
α
)
. (11)
The sum for each time segment of Dnorm was calculated using the function M(k) given by:
M(k) =
R
∑
i=1
C
∑
j=1
(di,j,k). (12)
The function M(k) was then used as an overall summary of the similarities between the electrodes
in the high density electrode array. Statistical tests were also performed to determine if fatigue or
contraction force had a significant effect on M(k).
Entropy 2017, 19, 697 7 of 14
2.5.4. Statistical Analysis
A normality test of M(k) was performed using the Shapiro–Wilk test. After confirming its
normality, an ANOVA statistical significance test was used to determine if contraction force (40% and
80% MVC) or fatigue (Initial (k = 1) and final (k = 10)) had a significant effect on the M(k) function.
3. Results
3.1. NMI Result for a Single Electrode
Figure 2 is an example of the NMI for a single electrode with every other electrode using data
recorded during 40% and 80% MVC from a representative subject. In this example, we have considered
the electrode located in row 9 (i = 9) and column 3 (j = 3); therefore, only the NMI between pair
combinations that include this electrode are shown in Figure 2. The NMI for each pair combination is
represented by a bar in the plot where the position of the element (or second electrode of the pair) is
given by the location in the row and column axis and the NMI axis represents its magnitude. The data
has been normalised over time into 10 segments, and the initial (non-fatigued) and final (fatigued)
time segments are shown in this plot.
(a) (b)
Figure 2. An example of the Normalised Mutual Information (NMI) between the electrode positioned
at row 9 column 3 and every other electrode showing the first (non-fatigued) and last (fatigued)
time segments for 40% Maximum Voluntary Contraction (MVC) in plot (a) and 80% MVC in plot (b).
Blue bars represent the NMI during the non-fatigued state and yellow bars represent the NMI during
the fatigued state.
A peak exists in row 9 column 3 of Figure 2 since the NMI of a signal with itself results in a value
of 1. All the other points form a slope around this peak. This indicates that the NMI decreases as the
distance in between the pair of electrodes increases. It is also observed that the NMI is comparably
larger during the fatigued state for the majority of the array. Since this increase in NMI did not occur
in any particular direction relative to row 9 column 3, changes in dependences both parallel and
perpendicular to the fibre direction of the muscle were identified. These observations were typical of
the results seen as is illustrated by the increase in total NMI discussed in the following section.
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Increases in the NMI in both directions of the array can be attributed to a number of different
physiological changes that occur during muscle fatigue. Two of the primary changes being motor
unit synchronisation and decrease in MFCV. The occurrence of motor unit synchronisation is likely to
contribute to the increase in NMI perpendicular to the muscle fibre direction more so than the parallel
direction. Electrodes positioned in different columns are more likely recording different combinations
of motor units, if these motor units beginning to synchronise the similarity between columns would
increase. The decrease in MFCV contributes to the increase in NMI parallel to the fibre direction.
The decrease in conduction velocity during muscle fatigue would increase the delay in the propagating
MUAP, thereby increasing the dependences between greater numbers of electrodes.
3.2. Comparison of Total NMI for Different MVC Levels
Figure 3 shows the differences in Dnorm for two MVC levels (40% and 80%) over the duration
of the fatiguing contraction from a representative subject. The magnitude maps of Dnorm shown in
Figure 3 are during time segments k = 1, 5, and 10 for one representative subject. The top three plots
in Figure 3 show the magnitude of Dnorm during the 40% MVC contraction and the bottom three are
for the 80% MVC contraction. The horizontal axis is the columns of the array and the vertical is the
rows in the array. The colour of each point on the plot represents the magnitude of di,j,k (shown in
Equation (10)) or alternatively the total NMI for that electrode during time segment k.
Figure 3. Eample Magnitude Maps of Dnorm for one subject.
Visual inspection of Figure 3 shows that there is no significant difference between the start of 40%
and 80% MVC trials. It can be seen that the total NMI for each electrode is increasing over the duration
of the exercise in most regions of the map during both trials. For this particular subject, the increase in
the total NMI is greater in the 80% MVC plots compared with the 40% MVC. However, this was not
the case for all subjects, which can be seen from the results of the statistical analysis (Section 3.4) and
the similarities in the average M(k) plots (Figure 4 and Table 1).
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Figure 4. Average M(k) for all participants.
Table 1. Comparison of average M(k) for 40% and 80% Maximum Voluntary Contraction (MVC) for
all participants.
MVC Initial (k = 1) Final (k = 10) Range
40% 1359.95± 127.92 1543.62± 194.70 183.66
80% 1390.23± 145.06 1639.98± 200.84 249.75
The total NMI for each electrode represents a similarity score between itself and the rest of the
electrode array where higher scores indicate a greater degree of dependence between electrodes.
From Figure 3, it can be seen that, in all of the plots, there is an area of the array which has consistently
higher values of Dnorm. While the exact location of the IZ for each subject was not verified during the
study, the electrode array was placed such that it is likely covering an IZ. It can be expected that the
regions with higher total NMI scores are likely to be located over the IZ for the muscle. This is because
electrodes that are close to the IZ are close to the origin of the action potentials for various motor units
and hence should share a dependence with a large number of the other electrodes.
3.3. Comparison of the Average M(k) for Different MVC Levels
The M(k) function, which is the sum of Dnorm during time segment k, is the overall score of
dependences between all the electrodes and can also be thought of as a score for overall similarity.
Figure 4 shows the average value of the function M(k) calculated from each participant for each time
segment k. The upper plot in Figure 4 shows the 40% MVC data and the lower shows the 80% MVC
data. The vertical axis represents the average value of M(k), the horizontal axis is the time segment, k,
and the error bars represent the standard deviation for each point. It can be seen from these plots that
the average M(k) steadily increases over time for both 80% and 40% MVC, illustrating the progression
of muscle fatigue.
Table 1 also gives the initial and final values for the data displayed in Figure 4 with their standard
deviations and the range of the average. From this information, it can be seen that the 80% MVC data
has slightly larger values and range and, for both the 40% MVC and 80% MVC data, the standard
deviation is at its largest when k = 10.
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3.4. Statistical Analysis
From the ANOVA for M(k), it was found that fatigue has a significant effect (F(1,36) = 16.24,
p = 0.00028), while the MVC level did not have a significant effect (F(1,36) = 1.39, p = 0.25).
The result also showed that the interaction between MVC and fatigue did not have a significant
effect (F(1.36) = 0.38, p = 0.54). This indicates that muscle fatigue had a more significant effect on M(k)
than the MVC. To further investigate the relationship between M(k) and fatigue a linear regression
was performed for each subject. The slope of the regression of M(k) was positive for nine out of ten
participants in both 40% and 80% MVC.
4. Discussion
Previous studies have used measures of dependence to identify muscle fatigue [4,44,49] or have
reported changes in the dependence between muscles during fatiguing tasks [30,31,38]. There are
many physiological changes that occur in the muscle due to fatigue [1,3–7], many of which will
contribute to changes in the dependences between electrodes or muscles. Two well-known examples
of changes that occur during muscle fatigue that can influence the similarity of the signals measured at
different electrodes are decreases in MFCV and increases in motor unit synchronisation [5,7]. However,
when measuring these changes, the orientation of the muscle fibre between electrodes and the location
of the IZ relative to the electrodes will impact the measure [7,50]. Therefore, any measures of the
dependence between electrodes would also vary depending on the position of the electrode relative to
the muscle. This was observed in both our current study and our previous work [39,48]. While the
specific underlying physiological causes for the observed changes in dependence between electrodes
during fatigue have not been identified in this study, some of the changes associated with fatigue are
discussed in terms of how they would affect the dependence.
For this study, HD-sEMG recordings of the TA during muscle fatigue were analysed.
Earlier research has shown that, during fatigue of the TA, both synchronisation of motor units [51,52]
and decreases in MFCV [40] occur. Therefore, it was anticipated that such symptoms of muscle fatigue
would likely occur during our experiment. The results show that, as the participants in our study
experienced fatigue in their TA, the NMI of the sEMG recorded from multiple electrodes in the high
density array increased. If we consider the known changes in motor unit behaviour during muscle
fatigue and the MFCV [1,3–7], we can develop a plausible foundation for why the NMI increases
during muscle fatigue.
In the case of a single motor unit, an increase in MFCV will increase the distance between
consecutive MUAPs; conversely, a decrease in MFCV will lead to a decrease in the distance. Changes in
the distance between MUAPs will result in changes to the spread of the electrodes, parallel to the
direction of the muscle fibres, which have high similarity. In the same case, increasing or decreasing
the firing rate will also lead to a corresponding increase or decrease in the number of MUAPs within a
given fibre length. An increasing number of MUAPs, within the length of the muscle fibres covered by
the array, will result in an increase in the similarity of a larger number of electrodes. If multiple motor
units are included, then the concepts of motor unit synchronisation and recruitment can be introduced.
When motor units synchronise, their firing rates match, while changes in the recruitment of motor
units causes an increase or decrease in the overall number of MUAPs within a given area. Changes in
synchronisation will lead to changes in dependences, particularly between electrodes perpendicular to
the direction of the muscle fibres, whereas, as with the changes in the firing rates, the larger number of
MUAPs will lead to a larger number of electrodes with high similarity in the direction parallel to the
muscle fibre.
During fatigue, it would be expected that the MFCV is decreasing, motor units are synchronising,
and motor unit firing rates and recruitment would vary depending on the force and endurance time.
The interaction of these different factors can be captured by the increasing similarity in the sEMG
signal recorded from each electrode in the high density array and therefore increase the NMI. However,
as the NMI measures all linear and nonlinear dependences between data sets [53], it is not limited to
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just changes in motor unit behaviour. There may be a number of factors that can affect similarities
between different sEMG signals, not all necessarily related to muscle fatigue. It is important to consider
these factors when interpreting the NMI.
In the current study, the NMI between every pair combination of electrodes in the electrode
array was calculated to investigate how the NMI changes spatially over the muscle during muscle
fatigue. Figure 2 provides an example of how the NMI is organised spatially for each electrode, and
it clearly illustrates that the larger the distance between electrodes, the smaller their resulting NMI.
It also demonstrates that the NMI between a single pair of electrodes is not sufficient to represent
or summarise the dependence of each electrode with respect to the region covered by the electrode
array. The Dnorm matrix was developed in response to this issue. It summarises the dependences of
each electrode over the entire electrode array by finding the total NMI of each electrode. This matrix
also doesn’t necessarily require the electrode array to be oriented with the muscle fibre direction,
only that all the electrodes in the array cover the same muscle. The values of the Dnorm matrix were
shown to increase with fatigue as does the M(k) function, which was shown to be significantly affected
by fatigue.
There is the potential that the magnitude maps produced by the Dnorm matrix could provide
an alternative method for identifying the location of the IZ. Locating the IZ in muscles is not always
a simple task for muscles that do not have parallel fibres. Muscles like the biceps are large, have
parallel fibres and usually have a well-defined IZ, but if the muscle is small or has a more complex
arrangement of muscle fibres, then identifying the IZ can become more difficult. Studies investigating
the distribution of IZ in the TA using HD-sEMG [54,55] and chemical analysis [56] have found that the
distribution can be scattered and varies between subjects. Visually inspecting HD-sEMG recordings
for propagating waveforms is often used to reveal the approximate location of an IZ [41,54,55]. Other
techniques have also been developed to automate the process and improve the estimation of the
location [57–59]. These techniques rely on knowing the fibre orientation of the muscle and typically
only consider one spatial dimension. In contrast, the Dnorm matrix described in this paper can find
two-dimensional regions of high dependence irrespective of the fibre orientation of the muscle.
In our previous study [48], a similar methodology to the one used in this paper was developed
based on identifying the number of electrodes that were similar to each electrode. An electrode
was considered similar to another electrode if the NMI between them was greater than a predefined
threshold; such an event was called an interaction. The number of interactions each electrode had
during each time window was recorded and analysed during fatiguing contractions. The advantage of
the interaction methodology is it directly shows how many electrodes are similar to each electrode.
However, there are two inherent problems when using interactions. First, it is not known what
threshold value is appropriate for this application. Second, the number of interactions for an electrode
does not supply any information about how similar each electrode is to it. The methodology presented
in this study addresses the second problem by finding the double summation of the NMI distribution,
shown in Figure 2, for each electrode. However, all information about the distribution of the NMI
between electrodes is lost.
While this study has not directly investigated the cause of the changes observed, the results
support the hypothesis proposed by earlier researchers that there is an increase in dependence between
electrodes during muscle fatigue. In future work, motor unit decomposition techniques could be
employed to verify and investigate the underlining physiology that contributed to these observed
changes in dependence.
5. Conclusions
In this study, HD-sEMG recordings of the TA during a fatiguing contraction were used to analyse
the spatial distribution of NMI and identify the presence of muscle fatigue. We developed a technique
based on the NMI that minimises the potential for any spatial biases to be introduced. The NMI
distribution for each electrode illustrated that the distance between electrodes can affect the NMI,
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and larger distances resulted in smaller NMI values. The D matrix increased in magnitude over
the duration of the muscle contraction, which concluded at the participants’ endurance limit due
to muscle fatigue. This matrix also highlighted regions of high total NMI values. Further work
is required to understand the physiological significance of these regions. The M(k) function also
increased with muscle fatigue, and this increase was shown to be significantly affected by fatigue and
not by contraction force. The technique developed in this study is a unique solution for measuring
fatigue whilst also minimizing issues caused by electrode placement.
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